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Abstract—Robotics research has made significant strides
in learning, yet mastering basic skills like object placement
remains a fundamental challenge. A key bottleneck is the acqui-
sition of large-scale, high-quality data, which is often a manual
and laborious process. Inspired by Graspit!, a foundational
work that used simulation to automatically generate dexterous
grasp poses, we introduce Placeit!, an evolutionary-computation
framework for generating valid placement positions for rigid
objects. Placeit! is highly versatile, supporting tasks from
placing objects on tables to stacking and inserting them.
Our experiments show that by leveraging quality-diversity
optimization, Placeit! significantly outperforms state-of-the-art
methods across all scenarios for generating diverse valid poses.
A pick&place pipeline built on our framework achieved a
90% success rate over 120 real-world deployments. This work
positions Placeit! as a powerful tool for open-environment pick-
and-place tasks and as a valuable engine for generating the data
needed to train simulation-based foundation models in robotics.

I. INTRODUCTION

Despite decades of effort in robot learning, basic ma-
nipulation skills like grasping and placing objects remain
a significant challenge [1]-[5]. As the field has evolved,
data acquisition has grown to be a primary consideration for
the community [3], [6]-[8], [26]. This is mostly due to the
prevailing belief that major breakthroughs, which one could
refer to as the ”ChatGPT moment” of robotics, will arise
from the availability of large-scale data [10].

This has led to two primary data acquisition paradigms.
The first involves collecting massive amounts of high-quality
data from the physical world [2], [11]-[14]. This approach
provides realistic information but the data collection pro-
cess is slow and hardly scalable. The second paradigm
utilizes simulation to accelerate data collection and safely
train robot control models [1], [15], [16]. Recent research
often combines both, either to build foundational models
[17] or to enhance simulation fidelity through methods like
real2sim2real [18].

Simulators should allow to automatically generate data for
robotic learning, and scale-up the process in a safer and
more efficient manner than in the physical world. However,
a considerable amount of work also requires manually col-
lected data in simulation [17], [19]: the automatic synthesis
of meaningful training data remains a significant challenge.
Although there has been extensive research on automated
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Fig. 1. Placeit! takes two object meshes as input and automatically finds
diverse ways for them to interact. The resulting poses can be applied to a
wide variety of scenarios, enabling robust robotic manipulations.

grasping [6], [7], [20], other manipulation tasks, such as
placing, have not been as thoroughly investigated.

The automatic generation of data for robotics was strongly
inspired by the seminal work of Graspit! [21], a framework
that generates a set of dexterous grasps in simulation based
on analytic criteria, given the 3D models of an object and
a gripper. Inspired by this foundational work, we introduce
Placeit!, an evolutionary-computation based framework for
automatically generating valid placement positions of rigid
objects in a simulated environment.

This framework is versatile, taking two objects as in-
put—one to be placed and a support object. This allows
it to handle various placement scenarios, including table-
top, hanging, stacking, and inserting (Fig. 1). Our approach
leverages Quality-Diversity (QD) optimization, a family of
evolutionary algorithms that has proven effective for gener-
ating diverse and high-quality data for robot learning [22].

The key contributions of this work are the following:

¢ We introduce Placeit!, a versatile framework for auto-
matically generating diverse and valid placement posi-
tions of rigid objects in various simulated scenes;

o We demonstrate that a state-of-the-art QD method lever-
aged in the Placeit! framework outperforms standard
approaches in most of the considered scenarios by a
large margin;

o We also introduce Quality-Diversity Grasp-and-Place
(QDGP), a pipeline built on the top of Placeit! to do
pick&place tasks in various scenarios. QDGP achieved

1Sorbonne Université, CNRS, Institut (.:les Systemes Intelligents about 90% success rate over 120 deployments through
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The code and models will be made publicly available
upon acceptance of this article. Visualizations of both the
simulated and the real-world experiments are provided with
the attached video.

II. RELATED WORKS

Learning to Place in Robotics. Research in robot place-
ment has long relied on manually labeled or expert-provided
data. This approach involves defining placement poses pro-
grammatically for predefined objects, which may include
primitive shapes [23] or common household items [24]-[26].
Numerous works that address object placement, including
those leveraging supervised learning from human demonstra-
tions, fall into this category. Examples range from studies
focused exclusively on placing [27] to those with a broader
scope covering various manipulation tasks [2], [17]. Another
common approach is the use of Reinforcement Learning
(RL), which often requires carefully hand-crafted reward
functions to guide the learning process [42] or constrains
the problem to a specific, more tractable setup [28]. Many
pick-and-place scenarios simplify the placement problem
by merely defining a target position for the end-effector,
typically above a large container, before releasing the object
[4], [S], [15], [29]. Existing methods are heavily reliant on
human intervention, making data acquisition slow, tedious,
and difficult to scale. This manual dependency is a significant
bottleneck for generating the large-scale datasets required
for modern foundation models in robotics. Our framework
overcomes this limitation by automatically generating valid
placement poses across diverse scenarios.

Many works on robot placement rely on analytical criteria
to sample valid poses. A common approach involves aligning
vertices or mesh faces of an object with a target surface in
simulation. A candidate pose is typically considered valid if
the projection of its center of mass onto the surface, along the
gravity vector, falls within the surface’s polygon [30]-[32].
However, this method has significant limitations. It is highly
sensitive to the quality of the object’s mesh, overlooks the
dynamics of physical interactions during placement, and fails
to differentiate between stable and unstable placement posi-
tions, as long as the geometric criteria are met. In contrast,
our framework explores the physical interactions between the
object and the support in a simulated environment. This en-
ables us to not only validate a placement but also to quantify
its stability. Furthermore, we use a domain-randomization-
based approach to simulate local perturbations on the placed
object, which helps in identifying stable poses versus those
that are local maxima of potential energy.

Recent research has increasingly used simulations to test
the physical interactions between objects and surfaces for
generating placement poses. Zhao et al. [3] leveraged prin-
cipal component analysis to sample placement poses by
aligning objects with their supports. Noh et al. uniformly
sampled object orientations and simulated dropping them
onto a plane to discover valid placement poses [8]. Simeonov
et al. [26] rely on manually coded procedures to sample
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Fig. 2. Placeit! principle. The framework uses QD optimization to explore
the interactions between an object and a support. A mutation-selection
process efficiently explores the space of possible placement solutions from
a parameter space.

initial candidates, which are then validated through simula-
tion. While these works have made contributions to specific
areas—such as automatic labeling for tabletop scenarios [8],
object alignment for stacking and inserting [3], or addressing
diverse placement scenarios with human-labeled poses [26],
our framework is designed to automatically sample place-
ments across all of these scenarios. Moreover, our sampling
scheme, which is based on quality-diversity optimization,
significantly outperforms the automatic sampling methods
used in the aforementioned papers across nearly all tested
scenarios.

Quality Diversity. Quality-Diversity methods are optimiza-
tion algorithms that aim to generate a set of diverse and
high-performing solutions to a given problem. An increasing
amount of works are dedicated to using QD for generating
data for robot learning. This includes the generation of
demonstrations for locomotion [33], grasping trajectories [6],
or object-centric grasps [34], but also the production of ad-
versarial objects to grasp [35]. Application of QD algorithms
for the acquisition of manipulation skills are however limited
to grasping [6]. The potential of these algorithms to generate
diverse data in hard exploration problems suggests that it
could be leveraged for prehensile manipulation tasks. The
present paper fills this gap by investigating how to leverage
QD optimization to build a versatile tool for generating
placement position of objects.

I1I. METHOD
A. Placing

Let P C SE(3) be the space of rigid object poses, and
P* C P the space of stable poses. This section discusses how
the literature generates diverse, stable object placements for
robotic manipulation—that is, exploring a parameter space
O to find associated stable positions in P*.

Definition. We consider the placement of an object o in
interaction with a supporting object s. For an individual 6;,
let X?(t) € P be the pose of a rigid body o at time ¢ in the
supporting object frame that we assume static. The object o
is placed on s if and only if for each ¢ € ty,p, ...

Z ﬁext (t) =
Z Tewt (t) =

in_contact, s(t) =1

) tevp:

)
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where ﬁezt and 7., are respectively the external forces and
external torques applied on o at timestep &, tpyp, tewpy € NT
are respectively the timestep that begins the validation and
the one that ends the validation of the placement (with t;,, <
tevp), and in_contact, s : N* — {0,1} is a binary function
that returns 1 if o and s are in contact at timestep ¢ and 0
otherwise. From an empirical perspective, the placement of o

on s can be empirically verified if for each t € tyyyp, ..., tep:
Toys(t) = 0 5
{incontacto)s(t) =1 @

where ¥,/ is the velocity (linear and angular) of o in the
frame of s.

Sampling schemes. To discover placing poses, previous
works essentially relied on hand-crafted search space to
guide the search toward promising solutions, and then ex-
plore P by randomly sampling ©.

The existing literature on sampling placement poses pri-
marily uses three main strategies. The first involves aligning
two surfaces of the considered objects [30]-[32]. The second
aligns objects based on their geometry, which is particularly
effective for problems with symmetrical properties, such
as peg-in-hole or stacking [3]. The third strategy samples
random poses for one object relative to another, such as
placing an object above a table with a random orientation,
to find diverse placement poses [8].

These methods often rely on a predefined search space
combined with a brute-force search. Placeit!, moves beyond
these limitations by integrating the search space with an
optimized exploration strategy based on recent advances in
evolutionary computation.

B. Placeit!

Definition. Let 6§ € O be an individual. Let & C R™
be the feature space, and (g : © — @ the feature function,
which assigns a feature descriptor ¢g = (3 (0) to each . The
fitness function is f : © — R, and dg : ®> — R is a distance
function within ®. The goal is to generate an archive A such
that:

{V¢ S (I)reaciu 36 € A7 d@(c@(e)v ¢) <e€ (3)

Vo' € A, 0 = argmaxeeN(%,)f(H)

where ®@,.qcn C @ is the reachable feature space, € €
R** defines the density of ®,...c, paving, and N(dg) =
{0 | neighbora, (g, de/)} is the set of solutions with close
projections in ®. (3 is deterministic.

Principle. The core principle of Placeit! is to use quality-
diversity optimization to discover a diverse set of valid and
stable placement poses (Fig. 2). The framework leverages the
powerful exploration properties of evolutionary algorithms
[6], [22], making the discovery of these poses both automatic
and sample-efficient. Unlike other methods that rely on priors
specific to certain objects and scenarios [3], [8], [30]-[32],
Placeit! is a generic framework that can be applied to any
3D objects provided as input for both the object to be placed
and the supporting object.

Placeit!
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Fig. 3. QDGP pipeline. Grasp poses are generated using QDG [34], and
placing poses with Placeit!. The combined poses are validated before being
deployed on the physical robot to perform the full pick-and-place sequence.

QDG

Evaluation. The process begins by randomly sampling a
population of parameters {6;}, from the parameter space
©. These parameters are then used to generate a set of initial
poses {X7(0)}, for the object o relative to the supporting
object s. We discard any poses that result in an overlap
between the two objects.

Each valid initial pose is then evaluated in a simulation.
Gravity is applied to the object o for a duration of 7' time
steps, allowing it to fall and settle. The result of this sim-
ulation is a sequence of poses {X?(t)}7, fort €0,...,T.
A placement attempt is considered successful if the object
reaches a stable state at the end of the simulation. This
stability is determined by the variance of the object’s pose
over the final 6; = tcyp — tpyp steps of the simulation (here
tevp = T). Specifically, a placement is successful if:

ol <o o? =({X () }Hors,) S

where of is the variance of the object’s pose, and o' is
a predefined threshold that distinguishes stable poses from
unstable ones.

For each successful placement, a quality score (fitness)
and a descriptor (feature) are computed. The fitness of 6; is
defined as fp, = —o?, such that a lower variance (higher
stability) corresponds to a better fitness. The feature is the
final pose of the object relative to the support, ¢g, = X7 (T),
which describes the outcome of the placement.

Optimization. The core of the Placeit! framework is its
use of a QD algorithm, which maintains an archive of
solutions [36]. This archive acts as a memory of the ex-
ploration process, storing the highest-performing solution
for each distinct feature. Solutions, defined by their initial
poses and corresponding outcomes, are added to the archive
based on their feature and fitness. If a cell in the archive
(corresponding to a specific feature range) is empty, a new
solution is added. Otherwise, if a solution with a higher
fitness is found, it replaces the existing one. This process
progressively populates the archive with a diverse set of high-
quality solutions.

New parameters for the next iteration are sampled from
this archive and mutated with random noise, allowing the
algorithm to build on previously successful discoveries. The
algorithm’s output is the optimized archive, which contains a
collection of diverse and robust final poses. The objective is
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Fig. 4. Example solutions. The top row shows solutions randomly sampled
from a CMA_MAE run. The bottom row shows robust solutions from the
same run, identified using our domain randomization criterion.

Robust | Random

to optimize the coverage of the successful feature space ° C
® which represents all final poses that meet the stability
criteria. The QD algorithm’s local competition ensures that
the optimization focuses on finding the most stable poses
within each feature region.

The final output of the algorithm is the archive of robust,
diverse final poses X?(7'). These poses can then be used for
deployment on a physical robot. While some complex cases
may require dedicated methods for the approach phase [37],
this separate problem is outside the scope of this work.

Domain randomization. The fitness function we use effi-
ciently identifies valid placement states in a single evaluation,
a common approach in QD optimization [22]. However, a
rigid body’s true stability is determined by its resistance to
small perturbations, which relates to potential energy analysis
[38]. In this work, we focus on identifying stable equilibria
in the sense of a pose where the object remains at rest
without toppling or rolling away under small perturbations.
To achieve this, we introduce a domain randomization-based
filter that distinguishes stable equilibria (minima of potential
energy) from unstable ones (maxima).

For a given final object state, X?(T), we apply a pertur-
bation € € R® to get a new state X?(T) = X2(T) 4 e. We
then evaluate X 2(T') by applying gravity for d;,,,, additional
steps, which gives us a set of states, {X?(T + t)}f;%’*. A
placing pose, X2(T'), is considered stable if:

DR

0" < PR |00 — g({XUT +)}057)  (5)

(2

Here, a;’DR is the variance of the object’s state during the
8¢, Stabilization steps after the perturbation, and oP% is a
predefined variance threshold. Defining 0P is challenging
since it includes both positional and rotational variance.
The value of oP% is here defined empirically, making the
“robust” label subjective. However, this evaluation method
still allows us to determine which states are more stable than
others. Our empirical results show that this is a powerful
analytical tool (section V).

To properly assess an object’s potential energy, its resis-
tance to a range of small perturbations must be tested, as
a single perturbation might not reveal an unstable state. We
perform this test M € N** times. A larger value of M gives
a better estimate of the potential energy but requires more
computation.

Quality-Diversity Grasp-and-Place. To explore the usage
of Placeit! for pick&place tasks, we introduce QDGP, a pick-
and-place pipeline based on quality-diversity generated data
(Fig. 3). First, a set of placing poses X?(T') is generated for

a given scenario. Simultaneously, a set of grasping poses
is produced on the object o and the gripper using QD
optimization [34]. For each placement pose, the generated
grasps are evaluated in a simulation to guarantee their
validity within the placing setup. This process yields a set
of grasps, corresponding placement poses, and associated
quality metrics—including whether X?(T') is a stable equi-
librium with respect to o”. The object is then grasped and
placed using the corresponding poses and a motion planner.

IV. EXPERIMENTS

This section presents the essential information about our
experiments. Further details, including hyperparameters, can
be found in the Supplementary Materials.

Tasks. An overview of the tasks we considered can be
found in Fig. 4. We defined 8 scenarios in simulation to
compare the placement sampling schemes. These scenar-
ios included: 3 tabletop tasks (banana-on-table, mug-on-
table, power drill-on-table); 1 stacking task (stack-bowl); 3
insertion tasks (peg-in-hole, spoon-in-mug, screwdriver-on-
support); and one hanging scenario (hanging-mug). These
tasks were chosen to demonstrate the framework’s versatil-
ity across various placement challenges, reflecting different
levels of complexity. They also correspond to scenarios
proposed in works used as baselines [3], [8], [26], [31].

Compared methods. Our experiments evaluate two critical
components of the Placeit! framework: the search space
and the optimization algorithm. We structured the com-
parison into four main parts: state-of-the-art baselines, QD
approaches, search space baselines, and a final combination
of a prior-based search space with QD.

The existing literature on generating placement poses
primarily relies on three types of prior-based methods:

e face_alignment: This approach involves randomly sam-
pling and aligning a triangle mesh from both the object
to be placed and the support object [4], [31], [32].
A random orientation is applied, and the validity is
checked by simulating gravity;

o pca_alignment: This method uses Principal Component
Analysis (PCA) to align the two objects based on
their symmetrical axes. A random perturbation is then
applied, and the object is dropped to check its validity
(31

o rand_sample: This approach samples a random initial
pose for the object relative to the support, then applies
gravity to see if it settles into a stable state [8].

We also included several Quality-Diversity methods,
which utilize a naive, prior-less search space where the
object’s position and orientation are directly controlled by
the algorithm’s genome. The object is then ”dropped” to test
its stability. The QD variants we included are:

e ME _rand: A standard MAP-Elites baseline [36];

e ME_scs: A success-greedy variant of MAP-Elites,
known for its efficiency in tasks like grasping [6];

o CMA_MAE: A state-of-the-art QD approach that has
performed well across many domains [39].
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Fig. 5. Comparison between methods. This figure shows the evolution of the diversity of placement solutions found (cvg(®*)) throughout the optimization
process for each simulation scenario. The CMA_MAE method without priors significantly outperforms all other methods across most scenarios.

To investigate the impact of reducing the search space,
which has been shown to improve QD performance [34],
we introduced a prior-based search space called con-
tact_rand_sample. This approach randomly samples an initial
state for the object relative to the support object’s surface.
A triangle mesh on the support object is selected, and the
object to be placed is positioned and oriented within a cone
around the triangle’s normal—similarly to what Eppner et
al. did for grasping [40]. We also created combinations of
the prior-based search space with each of the QD methods
(contact_ME _rand, contact_ME _scs, and contact_CMA_MAE)
to evaluate their combined performance.

Pick&Place in the real-world. To evaluate the quality
of the placement poses found in simulation and their ap-
plicability in the real world, we conducted a sim-to-real
transfer experiment. A set of 7 diverse scenarios were
chosen, including tabletop, insertion, stacking, and hanging
tasks. The scenarios used in this transfer experiment differ
slightly from those in our main simulated experiments due
to the accessibility of corresponding physical objects (e.g.,
the stack-bowl scenario was replaced with a bowl-on-plate).
We performed dedicated runs of Placeit! for these specific
scenarios to generate the poses for real-world testing. A
quality label based domain randomization (eq. 5) is also
computed to distinguish robust poses from the ones at an
unstable equilibrium.

Experiments were performed using a Franka Research 3
robotic arm equipped with its native two-finger gripper. The
objects primarily came from the YCB dataset [41], but some
were 3D-printed, such as a custom peg-in-hole task and a
hanger for the mug to match a baseline study by Zhao et al.
[3]. QDGP relies on Movelt as a motion planner.

Evaluation metrics. The simulation experiments aim to
find the best approach for generating a placing position
in any of the considered scenarios. To do so, we measure
the coverage of ®°, noted cvg(®®), which is the ratio
of successful placing states relative to all the theoretically
possible placing states in ®. To evaluate the quality of the
generated placing poses, we deploy them in the real world
and measure whether the attempt is successful or not. A
placing position is considered successful if the object reaches

1.0

0.8

0.6

0.4

Relative Quality

Fig. 6. Placing heatmaps for 2 table-top scenarios. The heatmaps show
the relative quality of placement contacts. Areas of the mesh that most
frequently contact the table have higher values (1 = always robust placement,
maximum fitness; 0 = always fragile placement, minimum fitness). See
supplementary materials for details.

a stable state in the real world that is similar to the one found
in simulation. Therefore, a placing attempt that accidentally
leads to another valid placing state in the real world is not
considered a success.

V. RESULTS AND DISCUSSION

Placing in Simulation. As shown in Fig. 5, our exper-
iment compares the performance of various methods. The
QD state-of-the-art method without any prior (CMA_MAE)
significantly outperforms all other approaches, particularly
in the short run (< 20k evaluations), where it excels across
all scenarios. While random sampling (rand_sample) can
eventually generate a greater diversity of poses in the long
run (100k evaluations), much of this diversity is often re-
dundant or fragile. CMA_MAE, by contrast, generates both
diverse and high-performing solutions efficiently, avoiding
less promising areas of the search space. This difference
explains why random sampling can become competitive with
CMA _MAE in specific long-run scenarios, such as rotations
around the symmetrical axis in stack-bowl or peg-in-hole.

State-of-the-art methods relying on alignment priors
(face_alignment, pca-alignment) are consistently outper-
formed by most of our QD variants. Although these
priors can be effective in specific, symmetric scenarios
(e.g., screwdriver-on-support, stack-bowl) or for insertion-
like tasks (e.g., peg-in-hole, hanging-mug), their performance
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Fig. 7. Resistance to local perturbations. The histogram shows the

distribution of placing poses based on their pose variance after a local
perturbation (fitness). This data, computed from 10 seeds and averaged over
10 random perturbations per pose, reveals distinct modes corresponding to
different stable ways for objects o and s to interact. The visualizations are
randomly sampled poses from each of these peaks. This example highlights
a limitation of the used simulator: placing the mug on its side (*) is much
more stable than placing it on its flipped side (¥#%).

Fig. 8.

Real-world transfer. The proposed framework produces diverse
placement poses that achieve a high success rate when deployed in the
physical world. This demonstrates the reliability of our approach for robotic
manipulation learning.

is highly task-dependent. In contrast, our generalist QD ap-
proach (CMA_MAE) consistently provides superior sample
efficiency, regardless of the scenario.

Our experiment also reveals that reducing the search space
by forcing close contact between objects (contact_*) does
not improve search efficiency for placing tasks. This finding
contradicts its effectiveness in grasping scenarios [34]. We
attribute this to the sparsity of the problem. Placing is a
less sparse task than grasping, meaning a higher ratio of
attempts yield successful solutions, which has a notable
impact on QD methods’ performance [6]. This also explains
why CMA_MAE dominates ME_scs on most tasks. While
ME_scs excels in problems with very low success rates and
a concentrated region of interest [6], CMA_MAE performs
best when it can rely on more frequent exploitable signals
to balance exploration and exploitation [39]. This result
highlights the need for a better understanding of the link
between QD optimization algorithms and task sparsity, which
is a promising direction for future work.

It is worth noting that the time per evaluation is com-
parable across methods achieving similar performance, as
each evaluation constitutes the dominant computational cost.
For the best-performing methods, the total runtime was
approximately 5 to 30 minutes on a 40-core CPU machine.

Interaction properties. Since the best-performing methods

[ Scenarios [[ Random | Robust ]|
banana-on-table 0.90 1.00
mug-on-table 1.00 1.00
peg-in-hole 0.56 0.78
spoon-in-mug 0.60 0.90
bowl-on-plate 0.90 1.00
screwdriver-on-support 0.40 0.60
hanging-mug 0.00 1.00

[ Total [ 062 T 090 ]

TABLE I

SIM2REAL TRANSFER RESULTS.

in our study thoroughly explore how two objects interact,
we can infer physical properties from the resulting set of
object states. For instance, our framework can identify the
parts of an object most likely to contact a support for a
given scenario, as seen in Fig. 6. By creating a continuous
map, we can pinpoint different placement modalities. When
plotting the distribution of state variations after applying a
local perturbation from a given placement pose (Fig. 7),
the resulting modes correspond to the number of ways the
objects can be placed on the support. Thus, the Placeit!
framework can automatically identify how objects can be
placed on one another, which allows for a broader analysis of
object similarities and manipulation invariants. For example,
all objects with a handle-like subpart could be automatically
identified as something that can be hung in various ways—a
property that would have emerged from prior interactions of
similar objects with hangers.

This approach also reveals properties related to the simu-
lation environment itself. For example, Fig. 7 shows that in
Bullet, placing the YCB mug in its common-use pose (*) is
more stable than flipping it (***). This is counterintuitive,
as in the physical world, placing a mug on its top or bottom
face typically yields comparable stability, both being less
stable than on its side (**). In the simulation, the modeling
of contacts between the 3D-scanned object and the surface
causes the object state to vary significantly more when placed
in pose (***) than in pose (*) or (**). This is another
instance where domain randomization can stress the limits
of simulations and be used as a tool for analyzing and
improving both physics engines and rigid body meshes [20].

Pick&Place in the real-world. Table 1 shows the success-
ful sim-to-real transfer ratios achieved using QDGP across
various placing scenarios. In every case, sampling poses
that satisfy the stable equilibrium criterion leads to a higher
transfer ratio compared to random sampling. While both
methods perform well on easier scenarios like mug-on-table
and bowl-on-plate, the difference is far more significant for
tasks that require precision, such as peg-in-hole, screwdriver-
on-support, and hanging-mug. This demonstrates that our
domain randomization approach is effective at identifying
which simulated placement poses are most likely to succeed
in the real world by distinguishing local or global extrema
of potential energy.

Fig. 8 shows several examples of successful deployments.
The Placeit! approach led to a high success rate in plac-
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ing manipulations for all scenarios, proving its utility for
direct deployment in both industrial environments (e.g.,
screwdriver-on-support) and service robotics (e.g., bowl-
on-plate). The demonstrated effectiveness of this approach
in real-world scenarios confirms its potential for broader
applications, such as learning to manipulate objects on-the-
fly by scanning an environment [43] or generating labels for
learning placing policies [26]. The framework’s versatility,
combined with the sample efficiency of QD optimization
and the quality of its sim-to-real transfer criteria, makes it a
promising tool for making future manipulation task learning
easier and more efficient.

Limitations. This work focuses on the placement phase of
object manipulation, assuming the preceding approach can
be handled with standard planning. This assumption may
not hold true in dense scenes [37]. We believe the data
generated by our framework unlocks a critical part of the
placing skill, and future work could explore how to integrate
these placements with dedicated methods, such as reinforce-
ment learning, to address this challenge. Furthermore, our
experiments were limited to rigid, non-deformable objects.
While the Placeit! framework is versatile enough to handle
other types, extending our experimental results to include
deformable or articulated objects is a promising direction
for future research. Finally, Placeit!’s performance is highly
dependent on the quality of its simulation environment,
since it relies entirely on it. The success of our approach
is critically tied to the quality of the object meshes, the
accuracy of their inertial properties, and the precise modeling
of contacts within the physics engine.

VI. CONCLUSIONS

In this work, we introduce Placeit!, a framework for
the automatic generation of rigid object placement poses
in simulation. Our method is versatile, applying to various
scenarios like table-top, hanging, stacking, and insertion.
We demonstrate that a Placeit!-based approach to pick-and-
place achieves a 90% success rate, proving the framework’s
efficiency in teaching robots manipulation skills for known
objects in open environments. Furthermore, the high quality
of the generated synthetic data suggests that Placeit! is a
highly promising tool for building future foundation models
in robotics.
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Supplementary Materials

APPENDIX I
EXPERIMENTAL DETAILS: SIMULATION

Algorithms. Let 1 be the population size, A the number of
offspring, k the number of neighbors considered for novelty
computation, and N, the maximum number of evaluation.
We set: p = A =500, k =15, N, = 100k. All offspring are
mutated with a probability ind,; = 0.3 to modify each gene.
The mutation operator applied by default to all the methods
is a Gaussian perturbation of 0 mean and 0.1 standard
deviation. For CMA_MAE variants, the same parameters as
in Fontaine et al. were used [39]: The emitter batch size is
set to 36, and the number of emitters to 15 and o« = 0.2.
Finally, we set f,,;, = —10000 to make sure f; > fin)-

Heatmaps. The heatmaps in Fig. 6 were computed based
on a relative quality: for a given archive of successful pose,
we extract a chunk of object point cloud of 10% along the z
axis from the table surface. Each chunk is an approximation
of the points on the object surface that are in contact with the
table. The obtained points are associated with the computed
fitness for each chunk. All of the collected fitnesses for each
points are then summed. The relative quality for a given
point is computed as the ratio between its associated sum

of fitnesses and the maximum value among all the sums.
This allows to obtain a score between 0 and 1, where scores
close to 1 emphasize points that are often in contact with
the table and associated with a high value of fitness. This
computation is similar to the QD-score, which is commonly
used to encapsulate both the diversity and the quality in a
single value [22].

APPENDIX II
EXPERIMENTAL DETAILS: PHYSICAL WORLD

Data generation. To compute ofDR, an axis of per-
turbation (among the translation and the rotation ones) is
first randomly sampled. The magnitude of the perturbation
depends on the mass of the object, such that the perturbations
on each object are comparable.

All the remaining hyperparameters are similar to those
used in the simulated experiments.

Real world setup. The gripper was controlled with a
joint impedance controller with gravity compensation. No
additional material that could increase adhesion is used to
make grasping easier. The gravity compensation is computed
with respect to the fixed arm base. We used a custom
vision code derived from [44] for getting the position and
orientations of the objects o and s. The motion planning
of the end effector is conducted with RRT connect through
Moveit!, assuming that the object and the table are collision
bodies.
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